Abstract Coherence between electromyographic (EMG) signals has been used to identify correlated neural inputs to motor units (MUs) innervating different muscles. Simulations using a motor-unit model (Fuglevand et al. 1992) were performed to determine the ability of coherence between two multi-unit EMGs (mEMG) to detect correlated MU activity and the range of correlation strengths in which mEMG coherence can be usefully employed. Coherence between motor-unit and mEMG activities in two muscles was determined as we varied the strength of a 30-Hz periodic common input, the number of correlated MU pairs and variability of MU discharge relative to the common input. Pooled and mEMG coherence amplitudes positively and negatively accelerated, respectively, toward the strongest and most widespread correlating inputs. Furthermore, the relation between pooled and mEMG coherence was also nonlinear and was essentially the same whether correlation strength varied by changing common input strength or its distribution. However, the most important finding is that while the mEMG coherence saturates at the strongest common input strengths, this occurs at common input strengths greater than found in most physiological studies. Thus, we conclude that mEMG coherence would be a useful measure in many experimental conditions and our simulation results suggest further guidelines for using and interpreting coherence between mEMG signals.
Introduction
Electromyography (EMG) has been widely used by neurophysiologists to infer how the central nervous system controls muscle activity during motor behaviors. A number of studies have recorded EMG from multiple muscles and used coherence analysis, i.e., correlation analysis in the frequency domain, to understand their coordination (Farmer et al. 2007; Hansen et al. 2002; Johnston et al. 2005; Kilner et al. 1999; Winges et al. 2006) . The main objective of these studies is to assess the extent and behavioral relevance of periodic common input to motor neurons across muscles. However, these studies often differ with respect to the recording technique and type of EMG signal analyzed, i.e., single motor unit (MU) or multi-unit (e.g., interference) EMG, which may influence their results and interpretation.
Each type of EMG recording has advantages and disadvantages. The use of single MU recording is preferable when considering its higher signal-to-noise ratio and temporal resolution relative to those associated with multi-unit recordings. However, recording the activity of single MUs often requires a large number of experimental sessions to obtain a sufficiently large number of MUs McIsaac and Fuglevand 2008; Semmler et al. 2003 Semmler et al. , 2004 Winges et al. 2006 Winges et al. , 2008 Winges and Santello 2004) . This results in considerable time and subject involvement, and the interpretation of such data relies on the assumption that the main features of the neural drive are invariant across sessions. Furthermore, stable recordings are easier to obtain using tasks involving low force amplitudes to facilitate reliable discrimination of motorunit action potentials (MUAPs). Thus, considerable laboratory constraints are often imposed, e.g., requiring subjects to maintain a constant MU discharge rate and/or force amplitude under visual or auditory feedback. Lastly, singleunit recording often requires invasive procedures, e.g., indwelling needle or wire electrodes.
Multi-unit EMG (mEMG) recordings can be performed through use of non-invasive surface electrodes. Each mEMG signal describes the simultaneous activity of multiple, concurrently active MUs, providing information concerning the global activity of the muscle without requiring a large number of recording sessions. Furthermore, task dependency of muscle activity can be more easily addressed through mEMGs as there is no need to maintain the recording of the same MU across different tasks to enable the discrimination of single units. However, mEMG signals, especially when recorded by surface electrodes, are subject to the effects of various physiological factors such as the conduction velocity of the muscle fibers (Day and Hulliger 2001; Keenan et al. 2006) as well as the summation and cancellation of individual MU potentials (Keenan et al. 2005) . These effects may obscure the contribution of individual units and limit the extent to which inferences about neural mechanisms (e.g., correlated neural activity of MUs within and/or across muscles) can be made from mEMGs. Yet, simulations and theoretical analysis by Christakos (1994 Christakos ( , 1997 revealed that coherence between individual units and summed activity (unit-to-aggregate coherence) can be used to estimate the incidence and strength of unit-to-unit correlations within a population. Christakos also showed that the coherence between the summed activity of two populations (aggregate-to-aggregate coherence) provides a very sensitive measure of the presence of unit-to-unit correlations within them, with the caveat that the sensitivity of this measure of correlation can saturate and the extent and strength of unitto-unit coherence potentially be overestimated.
In view of the potential advantages and limitations of aggregate-to-aggregate coherence, we conducted simulations to determine the dependence of the coherence between the mEMGs of two motor-unit pools on the strength and distribution of a common periodic input to the two pools. Our goals were threefold. First, we wished to determine the ability of coherence between mEMGs to detect correlated MU activity and extend the work of Christakos by determining the range of correlation strengths in which mEMG coherence can be usefully employed. Second, as mEMG signals result from the superposition of action potential waveforms, we also examined the influence of parameters that influence action potential waveforms on mEMG coherence. Third, we wanted to determine the influence of rectification, a commonly used preprocessing technique, on mEMG coherence.
Thus, we used a motor-unit model (Fuglevand et al. 1992) to generate MUAP trains of two small populations of MUs from two muscles. The MUAP trains generated by each MU were then linearly summated to generate a mEMG signal in each muscle. The main experimental conditions used to address our first goal consisted of the following steps: (1) imposing a periodic correlating input across variable numbers of MU pairs, (2) modulating the strength of the correlating input, and (3) changing the variability of MU discharge timing in response to the input. To address our second goal, the effects of parameters that affect action potential waveform (Fuglevand et al. 1992 ), electrode to MU territory distance and conduction velocity, were also studied. Lastly, coherences between rectified and unrectified mEMG signals were compared to the pooled coherence (Amjad et al. 1997) computed from all pairs of MUAP trains to address our third goal. Our results showed that mEMG coherences provide sensitive measures of MU correlation through the physiological range of correlated input. Preliminary results of this study have been published as an abstract ) and as part of a book chapter (Johnston et al. 2009 ).
Materials and methods

MU model and mEMG
We used a MU model developed by Fuglevand et al. (1992 Fuglevand et al. ( , 1993 to simulate the recording of MUAPs through bipolar surface electrodes. Specifically, we used (1) the sizeordered pool of motoneurons whose recruitment and discharge frequencies are determined by the level of excitation applied to the pool and (2) the MUAP model to determine the MUAP trains and corresponding mEMG from the Fuglevand model. This allowed us to generate MUAPs produced by active MUs, selecting the parameters of the EMG recording electrodes and muscle fibers (Table 1) to generate appropriate MUAP shapes and amplitudes (Fig. 1a) .
With the MU model, we created a population of 120 MUs for each motor neuron pool whose recruitment thresholds were distributed according to their twitch properties (Fuglevand et al. 1993; Santello and Fuglevand 2004) . To allow for comparison with studies of single MU EMG that often use tasks involving low static forces, we chose a relatively low and constant level of excitation (i.e., simulated net excitatory input to the motor neuron) of 5% of the maximum level that would have recruited all 120 units. This led to the recruitment of 17 MUs that discharged at slightly different rates depending on their threshold relative to the level of excitation provided (see Fig. 2 in Fuglevand et al. 1993) . Since the chosen excitation level was very low, the mean discharge rate for all MUs across all simulations (see below) was 8.2 pulses per second (pps) and was only slightly higher than the minimum discharge rate of 8 pps. The discharge times of each MU were first generated according to the above firing rate model. Pseudorandom fluctuations of each firing time were introduced by adding a value from a truncated normal distribution produced by a random number generator (Matlab, The MathWorks, Natick, MA). The standard deviation (SD) of this distribution was set to 25 ms, and the distribution was truncated to a width of 100 ms. This algorithm randomized the occurrence of individual firing times and provided mean interspike intervals (ISIs) across all simulations of 122 ms while preventing the occurrence of un-physiological ISIs (\*20 ms).
The above procedures were performed to simulate single MU EMG recordings from two muscles each with 17 active MUs. Multi-unit EMG recordings were generated by linear summation of all actions potentials across all 17 MUs within each muscle. Single-and multi-unit signals were sampled at a frequency of 1 kHz.
Periodic common neural input
Common synaptic input to two or more neurons is capable of producing correlated discharge in their spike trains (Binder and Powers 2001; Kirkwood and Sears 1978; Moore et al. 1970; Sears and Stagg 1976) . In our simulations, we produced correlated discharge in subsets of motoneurons by providing a periodic common excitatory input to each motoneuron in the subset. The discharge rate for the motoneuron in the Fuglevand model is a function of net excitatory input. Since specific synaptic mechanisms and intrinsic membrane properties are not included in this motoneuron model (see Lowery and Erim 2005; Taylor and Enoka 2004a, b) , common synaptic input was represented as an increased probability of discharge at the period of the common input. Excitatory post-synaptic potentials (EPSPs) have been shown to produce an increase in the probability of discharge in proportion to EPSP amplitude (Cope et al. 1987; Fetz and Gustafsson 1983; , and so the strength of common input was varied by increasing the probability of discharge in each motoneuron.
The increased discharge probability for a neuron with common input occurs within a brief time window, corresponding to the rising phase of an EPSP, though this window can broaden with smaller EPSP amplitudes and in the presence of uncorrelated noise in the neuron (Cope Diameter of motor-unit territory detected by EMG 12.6 mm Fig. 1 Examples of (a) single MUAP and MUAP trains from two muscles with their respective mEMGs (uncorrelated MUAP's at a mean discharge rate of 8 Hz). b The timings of individual MUAPs of units that received common input could be reset if they fell within 30 ms following a common input spike, and the previous MUAP occurred more than 20 ms before the common input spike. c If these conditions were met, the MUAP was shifted to align with the common input spike but only if this spike is one of the fraction of spikes chosen for re-alignment. The arrow denotes an adjustment to the timing of one action potential (dashed bar) made based on the criteria shown in (b). Note that jitter is introduced when aligning the target action potential with the common input spike time Exp Brain Res (2010 ) 207:269-282 271 et al. 1987 Fetz and Gustafsson 1983; ). In our model, the increased probability of motoneuron discharge following common input occupied a narrow time window consistent with these studies. Based on the assumption that EPSPs increase the probability of discharge by raising membrane potential as the interspike potential trajectory approaches threshold (Ashby and Zilm 1982; Fetz and Gustafsson 1983; Knox 1974) , common input should elicit discharge during the last portion of the ISI. Consistent with this conclusion, EPSPs and short current pulses applied to rhythmically firing neurons are capable of directly eliciting spikes and shortening the ISI by more than 40%, depending on EPSP/pulse amplitude (Reyes and Fetz 1993a, b) . Accordingly, common input could induce discharge over *25% of the late part of the ISIs of the MUs in our simulations.
The strength and timing of common input relative to a motor unit's own activity determine (a) how many action potentials across two units occur at similar times relative to the common input signal and (b) the variability in the timing of discharges around the common input frequency. The strength of correlation between two MUs, as indicated by coherence, will depend on the interaction of these two factors. While coherence can be readily determined between two spike trains, one often wishes to examine correlated MU activity across two populations of simultaneously active MUs, in which case the mEMG from each muscle is used. The coherence magnitude between two mEMG signals will be dependent on the factors (a) and (b) above, as well as on (c) how many MUs are targeted by the common neural input. Below we describe the procedures used to simulate periodic common input to two populations of MUs based on the principles just presented.
Simulations
Periodic common input was simulated by creating a reference train with firing times at the frequency of the simulated common input (30 pps; Fig. 1b ). We chose to simulate a common input frequency of 30 Hz, which occurs within the range of frequencies at which MU correlation and cortical-EMG correlation occur Conway et al. 1995; Farmer et al. 1993 ) and can be clearly distinguished from the mean MU discharge rate of 8.2 Hz in these simulations.
Next, the firing times of each MUAP generated by the above model for each motor unit receiving common input were compared to the firing times of the common input reference train. If a MU firing time occurred within 30 ms after a common input event (i.e., as the motor unit approached threshold), and the previous MU firing time occurred more than 20 ms before the same common input event (providing a refractory period), the MU firing time was shifted back to the same firing time as that of the common input event within a normally distributed SD (i.e., jitter; physiological factor b above; Fig. 1c ). However, this occurred in only a fraction Fig. 2 a Average unit-to-unit coherence magnitudes at the common input frequency as a function of common input strength. b and c show average rectified mEMG amplitude and spectral power (computed over all frequencies), respectively, as a function of common input strength and 0.3, 17 and 67.8% correlated MU pairs (dotted, dashed, solid lines, respectively). * and ** indicates p \ 0.05 and 0.01, respectively of the eligible MU firing times according to a uniformly distributed pseudorandom number population (i.e., according to a probability representing common input strength; physiological factor a above; Fig. 1b) .
The 30-ms window in which common input could advance MU discharge was selected in consideration of the effects of synaptic input on neuron discharge cited above, and the variability that has been observed in the discharge of human MUs at low frequencies (e.g., Matthews 1996) . Selected values of jitter ranged from small values consistent with short-term synchrony and typical rise times of EPSPs, to larger values that included the possibility of broader correlation peaks and synchronized presynaptic inputs . Note that the addition of periodic common input to the MUAP trains did not alter the mean of the ISIs (122 ± 2 ms across all conditions). Lastly, specific numbers of MUs from each muscle were chosen to ''receive'' common input, representing different distributions of common input to the two motor-unit pools (computed as the percentage of correlated MU pairs out of the 17 9 17 = 289 possible MU pairings across muscles; physiological factor c above;).
The main objective of the present study was to quantify the relation between coherence computed between two mEMG signals and coherence pooled across the activities of single MUs as a function of physiological parameters of the periodic common neural input (i.e., jitter, common input strength and distribution) and to determine whether mEMG coherence can be usefully employed in experimental settings. A related question examined was the extent to which the characteristics of the MUAPs may affect such relation. Specifically, the shape of the waveforms of MUAPs that underlie the mEMG signal is influenced by volume conduction, which is affected by many factors including the location of the MUs relative to the surface electrodes and the muscle fiber conduction velocities. To address these issues we performed the following three simulations (Table 2) .
Simulation #1
The goal of this simulation was to determine the extent to which jitter, common input strength and distribution affected the ability of both pooled and mEMG coherence to accurately reflect common input at the level of single MU pairs.
Simulation #2
This simulation addressed the same questions as in simulation #1; however, we kept jitter level constant and tested a larger number of common input strengths. We also applied a common preprocessing method to the two mEMG signals, i.e., rectification, to determine the extent to which this procedure changed the degree of correlation observed between the two muscles.
Simulation #3
The objective of simulation # 3 was to determine the extent to which changes in MU territory distance (ETD) and conduction velocity (CV) influence coherence computed across the two mEMG signals.
In addition to computing mEMG and pooled coherence, we determined the average unit-to-unit coherence at 30 Hz at different common input strengths in simulation #2 in order to relate the common input strengths used to those suggested by the results of prior experimental studies (e.g., Farmer et al. 1993; Kilner et al. 2002; Semmler et al. 2002) . We also used simulation #2 results to determine the dependence of rectified mEMG amplitude and spectral power on common input strength and distribution for comparison with prior studies.
Each simulation consisted of 10 trials, each lasting 30 s, per condition.
Analysis
Coherence is used to determine the linear relation between two signals in the frequency domain. Its magnitude is similar to the coefficient of determination in linear statistics, as the value of coherence at a given frequency is bounded between 0 and 1, indicating no linear relationship and a perfect linear relationship, respectively, at that frequency. Coherence analysis has been used to determine the frequency of correlated rhythmic activity between two MUs and reflects the influence of a common periodic input to their motor neuron pools (Farmer et al. 1993; Johnston et al. 2005; Semmler et al. 2002) .
Coherence analysis of mEMG signals
The MUs started discharging at different latencies from the onset of simulation, since each firing event resulted from a particular random number which was different for each MU in each of the two muscles. Analysis was performed on trains of MUAPs starting at the time when all MUs (n = 17) were active. The mean of each mEMG signal was subtracted from the entire 30 s trial. Coherence was then computed between the mEMG signals of each muscle using the cross-spectrum f xy and auto-spectra f xx , f yy, of each mEMG signal. These measures were estimated from 0.512 s of non-overlapping segments of data (i.e., 512 point Hanning windows), resulting in a bin resolution of 1.95 Hz. The estimate of coherence magnitude, |R xy (k)| 2 , was determined by,
where k is the frequency at which coherence is calculated.
The confidence limit for a zero value of the coherence estimate was computed using the test provided by Rosenberg et al. (1989) ,
where a is the confidence level (a = 0.05) and L is the number of disjoint segments (i.e., total trial duration/data segment duration). If the estimated coherence at a particular frequency exceeds the confidence limit, the hypothesis of non-correlated activity at that frequency is rejected. Using this equation, we computed the percentage of trials with coherence magnitudes significantly different from 0.
Coherence analysis of MUAP trains
The offset of each MUAP train was removed by subtracting the mean of each 0.512 s segment (i.e., equivalent to the window size used to calculate the spectrum; see above) from that segment of data. To allow for comparison with the coherence estimate obtained between the two mEMG signals, we computed pooled coherence using all MU pair combinations within each condition (e.g., jitter level, common input strength, etc.). Pooled coherence (Amjad et al. 1997 ) can be considered a weighted average of k individual coherence estimates, each computed from L i data segments, and is computed by:
Note that the calculation for pooled coherence of MU pairs is based on event trains, whereas coherence between mEMGs is computed on the composite signals resulting from superposition of action potential waveforms. Simulation provided the opportunity to sample the entire set of active MUs and directly compare the pooled coherence of all pairs with the mEMG coherence. Although this procedure was efficient, the MU pairs used to compute pooled coherence were not statistically independent which is usually assumed when computing pooled coherence. We examined the consequences of this unconventional application of pooled coherence by performing a separate set of simulations in which the Fourier transforms of individual MUs at one frequency were represented by complex random numbers. Common input was simulated by addition of a random number to each of the numbers representing units with correlated input. Simulations were run, in which (1) the numbers for each of 289 pairs were generated independently to provide independent coherence estimates and (2) one random number was used as common input and added to each of the 289 pairs of numbers to provide coherence estimates from one active pool. Pooled coherence estimates were formed from both simulations. Computing pooled coherence from the members of one active pool resulted in an increase in the variance across estimates, although pooled coherence magnitude was not affected. For this reason, comparison of the variability across estimates of our measures will not be discussed.
Statistical analysis
One objective of this study was to assess the extent to which coherence measured between the two mEMGs can be used to infer the pattern and magnitude of correlated neural activity among individual MU pairs. We pursued this objective by performing regression analysis of the 30 Hz coherence magnitudes measured from pairs of mEMGs vs. pooled coherence computed from all MU pairs. For each of the relations described below, we fit both linear and nonlinear models to the data and determined the best fit to be the model resulting in the largest coefficient of determination (r 2 ). In most cases, the nonlinear model resulted in the best fit; thus, our results focus on the degree to which the linear model also fit the data.
Analyses of variance (ANOVA) were performed to test the dependence of coherence magnitudes on the several factors in the simulations. Since coherence magnitudes are not normally distributed, coherence measures were normalized by computing the Fisher z-transform, i.e., z ¼ tanh À1 ð ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi coherence p Þ before ANOVAs were performed. A one-way ANOVA was performed to determine whether unit-to-unit z-transformed coherence magnitudes significantly differed as a result of common input strength. Separate two-way ANOVAs with the factors common input strength (12 levels) and common input distribution (3 levels) were used to examine their effects on mEMG amplitude and spectral power. Additionally, three separate ANOVAs were computed for each simulation to examine the effects of the following factors on the z-transformed coherence magnitude: (Simulation #1) common input strength (2 levels), common input distribution (6 levels), Signal type (2 levels) and Jitter (4 levels); (Simulation #2) common input strength (12), common input distribution (3), and Signal type (3); and (Simulation #3) Jitter (4) and CV (2), ETD (2), and common input distribution (6). The significance level of p \ 0.05 was used for all statistical analyses.
Results
The simulations revealed three main findings. First, both pooled and mEMG coherence magnitudes changed nonlinearly as a function of the strength and distribution of common input. However, mEMG and pooled coherence amplitudes negatively and positively accelerated, respectively, toward the strongest and most widespread correlating inputs. Second, a nonlinear function related pooled and mEMG coherence magnitudes, such that mEMG coherence magnitudes accounted for up to 99% of the variance of pooled coherence. This relation was consistent regardless of whether the correlation varied with the strength or extent of common input. Third, rectified mEMG coherence magnitude was less sensitive than that of unrectified mEMG, as it increased more slowly with common input strength and detected fewer trials with significant coherence.
Unit-to unit coherence, mEMG power and amplitude
To compare the strengths of common input used in these simulations to levels that might be expected in experimental studies, we computed the average unit-to-unit coherence magnitudes at the common input frequency of 30 Hz (Fig. 2a) as a function of common input strength. The average unit-to-unit coherence magnitudes increased monotonically as a function of common input strength, ranging from 0.012 at 5% to 0.52 at 75% common input strength. Coherence magnitudes were negligibly small at common input strengths \25%, and z-transformed coherence amplitudes did not differ significantly in this range. Significant differences did emerge between 25 and 75% common input strength (most comparisons: p \ 0.001).
Coherence values from 25% (0.035) to 55% (0.24) common input strength span the range of unit-to-unit coherence magnitudes observed in most experimental studies (e.g., Farmer et al. 1993; Kilner et al. 2002; Semmler et al. 2002) , thus we consider these levels of common input strength to be representative of physiological levels encountered in experimental studies. Figure 2b and c show significant effects of both common input strength and distribution (both p \ 0.001) on the average rectified mEMG amplitude and spectral power, respectively. Neither mEMG amplitude nor spectral power changed when common input strength was less than 15%, regardless of the distribution of common input. At 15% common input strength, mEMG amplitude and spectral power began to increase as common input increased with the rate of increase depending on the distribution of common input (i.e., common input distribution 9 strength interaction; p \ 0.001). EMG power and amplitude were little affected by the lowest distribution of common input (0.3%). Relatively small numbers of correlated MU pairs (17%) were required, though, to produce detectable increases in EMG power and amplitude at common input strengths representative of physiological levels (25-55%), and these changes were pronounced when 67.8% of the MU pairs were correlated. These results are consistent with those of Yao et al. (2000) , who found increases in rectified mEMG amplitude and spectral power in simulations of MU synchrony. Figure 3 shows examples of motor-unit and mEMG autospectra as well as MU, pooled and mEMG coherence for common input strengths of 25 and 75% (with 17% correlated MU pairs and jitter at 1.67 ms). All MUs have a peak in the power spectrum at approximately 8 Hz, i.e., the discharge rate of the units. The power spectra of units receiving 25% common input strength do not have evident peaks at the common input frequency of 30 Hz, whereas, those with 75% common input strength exhibit prominent peaks at 30 Hz and its harmonics. Note that the effects of our simulated common input on the shape of the autospectra are expected given the sharply defined common input frequency. Significant coherence is observed at the common input frequency of 30 Hz when computed between each pair of MUs, with a fivefold increase in the coherence magnitude when increasing the common input strength from 25 to 75%. Note also that the magnitude of the pooled coherence (across all trials for these two conditions) corresponds fairly well to that computed on the individual MU pairs, particular at 75% common input strength.
Regardless of the strength of common input, the autospectra of the two mEMG signals show the largest power at the common input frequency as well as its harmonics. The power is greatly increased, however, when common input strength is 75%. Furthermore, the mEMG shows strong coherence in both common input strength conditions and Exp Brain Res (2010) 207:269-282 275 exhibits less modulation with respect to common input strength than did the pooled coherence.
Simulation #1
Figure 4a-d show the coherence magnitudes (averaged over all trials) of both the pooled and mEMG signals as a function of jitter and distribution of common input at two common input strengths (25 and 75%). The relation between mEMG coherence magnitudes and the distribution of common input depends on the common input strength, i.e., at 25 and 75% common input strength the relations are linear (r 2 = 0.99) and nonlinear (r 2 = 0.94 vs. 0.74 for linear relation), respectively ( Fig. 4a and b) . The nonlinear relation at 75% common input strength negatively accelerates as the distribution of common input increases. Increasing jitter tends to decrease coherence magnitude, as seen with jitter levels of 3.33 ms at 25% common input strength (Fig. 4a) and in the middle range of correlated MU pairs (i.e., 8.7-34.6%) when common input strength is 75% (Fig. 4b) .
Unlike mEMG coherence magnitude, pooled coherence exhibits a strong linear relation to the distribution of common input, regardless of its strength ( Fig. 4c and d ; r 2 [ 0.95). In fact, the relations, as well as the absolute magnitudes, for pooled coherence at 75% common input strength (Fig. 4d ) appear similar to that of mEMG at 25% common input strength (Fig. 4a) . Jitter also has a small but clearer negative effect on pooled coherence magnitude that is evident when 17% or more of the MU pairs are correlated. Furthermore, maximum pooled coherence magnitude at 75% strength only reaches 0.54, much less than the corresponding value of mEMG coherence (0.96). Signal type, common input strength and distribution each had significant effects on coherence magnitude (all p \ 0.001), but effects of jitter were not significant. The relations between mEMG and pooled coherence magnitudes across changing distributions of common input and jitter are shown in Fig. 4e and f for common input strengths of 25 and 75%, respectively. Jitter does not have an influence on the relation between pooled and mEMG coherence in either common input strength condition. Note that mEMG coherence increases more rapidly than pooled coherence, i.e., at a common input strength of 25%, mEMG and pooled coherence achieve maxima that are two-thirds and approximately one-thirtieth, respectively, of that achieved at 75% input strength. Also note that at 25% common input strength the relation between mEMG and pooled coherence approximates a linear function.
Simulation #2
Coherence magnitude increases as a function of common input strength for mEMG and pooled coherence except at the smallest distribution of common input, 0.3% (Fig. 5a-c) . For all signal types, a nonlinear model fits the relation between coherence magnitudes and increasing common input strength the best. However, for the unrectified and rectified mEMG (Fig. 5a and b, respectively) , coherence magnitudes increase more linearly with increasing common input strength, particularly when 67% of MU pairs receive common input, than does coherence of the pooled MU activity (Table 3 ). Yet, the coherence magnitudes of Fig. 3 Examples of single MU and unrectified mEMG autospectra (top row, left and right panels, respectively), MU and mEMG coherence (middle row) and pooled coherence (bottom row) for common input strengths of 25 and 75% (left and right panels, respectively). Horizontal lines denote 95% confidence limits (limits for pooled coherence are 1.75e 9 10 -4 ). Note the different scales for the y-axes the rectified mEMG are smaller and less linear when 17% of the MUs are correlated than that of the unrectified mEMG. Furthermore, rectified and unrectified mEMG coherence is sensitive to the number of correlated MU pairs over different ranges, as seen by comparing the increases between 0.3 and 17% and between 17 and 67.8%.
Pooled coherence magnitude is nonlinearly related to the strength of common input when 17% and 67.8% of the MU pairs are correlated ( Fig. 5c ; Table 3 ). Note that there is very little change in pooled coherence magnitude as the distribution of common input increases from 0.3 to 17%, whereas this change is larger as the distribution changes from 17 to 67.8%. The effects of signal type, common input strength and distribution on coherence magnitudes were all statistically significant (p \ 0.001). Figure 5d and e show the relations between pooled and (1) unrectified and (2) rectified mEMG coherence magnitudes, respectively, at the common input frequency of 30 Hz as common input strength is varied for conditions in which 3, 17 and 67.8% of MU pairs are correlated. The relations follow similar trends as observed across the different distributions of common input evident in Fig. 4 . The nonlinear relations between rectified mEMG and rectified mEMG vs. pooled coherence magnitudes are most evident when 67.8% of the active MUs receive common input and larger values of coherence are achieved with stronger common inputs. The range of coherence values is smaller when 17% of the MUs receive correlated input, particularly for the pooled coherence, and thus a linear fit was as good a descriptor of the relation between pooled and the mEMG signals as a nonlinear one (Table 3) . At 0.3%, there is little change in coherence magnitudes in any of the three signal types and thus there are only very weak relations between them.
The percentages of trials with coherence magnitudes significantly greater than 0 were examined as indicators of the ability of coherence of the rectified and unrectified mEMG signal types to detect correlated input (Fig. 6 , dotted and dashed lines, respectively). For both mEMG measures, only 10 to 20% of trials exhibited significant coherence when 0.3% of the MU pairs were correlated. For the unrectified mEMG, when the distribution of common input increased to 17%, the percentage of trials with significant coherence increased steeply (from 10 to 100%) as common input strength grew from 15 to 35%. For common input strength of 35% and greater, all trials showed significant coherence magnitudes. When 67.8% MU pairs receive common input, the percentage of significant trials increases sharply between 9 and 15% common input Table 3 Linear and nonlinear relations between (1) the unrectified mEMG, rectified mEMG and pooled coherence magnitudes at the common input frequency vs. common input strength and (2) Pooled MU activity 17 y = 3E-04x -0.004 y = 8E-06x2 -3E-04x ? 0.002
67.8 y = 3.4E-03x -0.05 y = 8E-05x 2 -2.4E-03x ? 0.02
Coherence is a function of common input strength and pooled coherence is a function of mEMG coherence in these regression-fit equations strength, with significant coherence occurring in all trials at common input strengths of 25% and greater. For the rectified mEMG, the relation between percentage of significant trials and common input strength is shifted rightward indicating that coherence between rectified mEMG signals is less sensitive and less suited for detecting low levels of correlated input than unrectified mEMG signals.
Simulation #3
Simulation #3 assessed the effect of changes in MUAP waveform on unrectified mEMG coherence magnitude, as influenced by changes in fiber CV and the distance from electrode to MU territory (ETD). Across all conditions, the mEMG coherence magnitude increased with increasing distribution of common input and tended to decrease with increasing jitter. The increase in magnitude as a function of distribution of common input occurs slightly faster with a conduction velocity of 4 m/s; however, these differences were very small. There were no consistent differences between the two ETD conditions or interactions between ETD and CV. Statistical analysis revealed a main effect for distribution of common input (p \ 0.001), but not for jitter, ETD or CV.
Discussion
The surface mEMG signal is determined by the linear summation of multiple action potentials generated by the active MUs detected by electrodes placed on the skin over the muscle. Many factors, including, but not limited to, signal cancellation, influence the accuracy to which neural strategies can be extracted from such a signal (for review see Farina et al. 2004) . In fact, both the amplitude and frequency content of mEMG, measures often used to infer these neural strategies (e.g., recruitment, discharge rate, use of specific fiber types, etc.), have been shown to be influenced by these other factors (Day and Hulliger 2001; Keenan et al. 2005 Keenan et al. , 2006 Keenan et al. , 2007 leading to misinterpretation. Coherence has been used to determine the existence of correlated input to two or more motor neuron pools, its frequency content, as well as its strength which depends on how many MUs receive common input and the strength of the common input. The interpretation of coherence between two mEMGs is complicated not only by recording characteristics, effects of volume conduction on the waveform of MU action potentials, and the summation of these potentials, but also the nonlinear relation between the coherence of event trains of individual unit pairs and the coherence of their aggregate activities (Christakos 1997) . Thus, the present study was performed to determine (1) the ability of coherence between mEMGs to detect correlated MU activity and the range of correlation strengths in which mEMG coherence can be usefully employed, (2) the influence of parameters that influence action potential waveforms on mEMG coherence and (3) the influence of rectification on mEMG coherence. We discuss our results addressing each of these goals in turn below. Pooled and unrectified mEMG coherence Pooled and unrectified mEMG coherence measures differ in their relations to the strength and extent of common input. The unrectified mEMG coherence increased nonlinearly with respect to both the strength and distribution of common input, with decreasing sensitivity as the strength and distribution of correlated inputs grew. These results are consistent with those presented by Christakos (1997) who showed that coherence magnitudes based on aggregate measures of unit activity are disproportionately large at small values of unit-to-unit coherence and exhibit reduced sensitivity, including saturation, as values of unit-to-unit coherence increase. Christakos' simulations differed from ours in several respects, including use of event trains rather than analog signals, the method of creating correlated sets of event trains and the numbers of units in the unit populations. Since the coherence between event trains is preserved in linear transformations of the event trains (Christakos et al. 1984) , departures from Christakos' results due to the creation of aggregate signals by summation of MUAPs of similar amplitude in our simulations would not be expected. However, the resulting patterns of correlation did differ from those observed by Christakos, i.e., we found smaller coherence magnitudes at physiological levels of correlation (unit-to-unit correlations of 0.04 to 0.25, for common inputs of 25% to 55%) and that nonlinearity is less severe than noted by Christakos (1997) . This difference may be due to the many fewer units used in our simulation and that the correlations were generated to mimic those produced in motoneuron pools by physiological mechanisms. Our results also suggest that under these conditions, mEMG coherence magnitudes begin to saturate at common input strengths greater than found in most experimental studies. Nonetheless, the nonlinear characteristic of mEMG coherence should be considered carefully when attempting to (1) infer the distribution/strength of correlated input or (2) assess the modulation of correlated input as a function of changes in given experimental conditions, e.g., object compliance or ramp vs. isometric force production Kilner et al. 2002) . Provided that the nonlinear dependence of mEMG coherence on MU correlation is considered, analysis of the relation between mEMG and pooled coherence computed at the frequency of common input suggests that mEMG coherence could be used to derive information about the magnitude of common neural input in populations of MUs whose activity make up the EMG signal. Specifically, up to 99% of the variance in the unrectified mEMG coherence could be accounted for by a nonlinear relation to the pooled coherence. In assessing modulation of correlated input, the nonlinearity of mEMG coherence suggests that this measure is more or less useful than pooled coherence depending on the level of correlated input. At moderate strengths of correlation, mEMG coherence would be more sensitive to modulation of correlated input than pooled coherence, but mEMG coherence would be less sensitive when common input is strong. Although mEMG coherence starts to saturate at the strongest common inputs, this occurs at common input strengths greater than found in most physiological studies ([55%), indicating that mEMG coherence would be a useful measure in many experimental situations.
Influence of action potential waveforms
The correlating event train in our simulations had a fixed frequency of 30 Hz. A periodic input would be expected to have finite bandwidth in experimental situations. Simulations of motoneuron spike trains demonstrate decreasing coherence values as the bandwidth of correlating inputs widens (Lowery et al. 2007 ). Consequently, smaller unitto-unit coherence magnitudes would be expected for correlating inputs with wider bandwidths, and the relations between common input strength and different coherence measures should be examined under these conditions. In this regard, we should note the insensitivity of coherence magnitude to fiber CV and electrode-to-unit distances found in simulation #3, which is in contrast with expectations based on the results of Keenan et al. (2007) . They found large changes in temporal cross-correlations between simulated mEMGs with variation of recording parameters. A broad-band (random) correlating input was used in their simulations, and the contrast between their results and ours, and the dependence of unit-to-unit coherence on correlating input bandwidth just noted, suggests that recording parameters may have more influence with correlating signals having broader bandwidth. This point remains to be determined.
Effects of mEMG rectification
Rectification is a nonlinear operation commonly applied to mEMG signals prior to analysis, which results in shifts of its autospectra to lower frequencies effectively increasing the firing rate information in the signal (Myers et al. 2003; Yao et al. 2007 ; however, see Farina et al. 2004) . It has been suggested that rectification is an appropriate (Yao et al. 2007 ) and even necessary (Myers et al. 2003 ) step prior to assessing cortico-muscular coherence. However, Neto and Christou (2010) recently concluded that rectification obscures identification of the frequency of common input to two mEMG signals. Our results indicate that rectification reduces coherence magnitudes and the ability to detect the frequency of common input in two mEMG signals at smaller common input strengths. However, coherence at the frequency of common input was detected at most physiological input strengths and the smaller coherence magnitudes of the rectified mEMG grow in a more linear fashion with the strength and extent of common input. Given this relation to these parameters, rectified mEMG may be easier to interpret than unrectified mEMG when examining the relative modulation in coherence with respect to task variables. Moreover, it may be somewhat more suitable for detecting modulation at greater correlation strengths than unrectified mEMG. However, unrectified mEMG still exhibits a greater sensitivity at lower strengths and distribution of correlated MU pairs than the rectified mEMG. These results suggest that examining both rectified and unrectified mEMG may provide more accurate information than either measure used in isolation.
Limitations and unresolved issues
The current study was intended to extend the insights provided by Christakos' (1994 Christakos' ( , 1997 work by simulating a smaller MU population and examining both the influence of the shape of the MUAP waveform and the preprocessing technique of mEMG rectification on the relation between mEMG and pooled coherence. As with all simulation studies, the applications of our results are necessarily limited to the scenario we simulated (e.g., small differences in discharge rates, uniform action potential amplitudes, fixed common input frequency, etc.). Furthermore, we used a probabilistic model for our simulations, which did not incorporate any membrane biophysics that have been shown to influence motor neuron discharge correlations (Lowery and Erim 2005; Taylor and Enoka 2004a, b) . Such a model based on conductance formulation may capture more accurately any ISI fluctuations associated with common synaptic input. Future work will address many of these outstanding issues.
